An empirical standardized soil moisture index for agricultural drought assessment from remotely sensed data  by Carrão, Hugo et al.
A
d
H
a
b
a
A
R
R
A
A
K
R
S
A
C
S
1
p
T
t
(
p
a
g
A
a
o
h
0
0International Journal of Applied Earth Observation and Geoinformation 48 (2016) 74–84
Contents lists available at ScienceDirect
International  Journal  of  Applied  Earth  Observation  and
Geoinformation
jo ur nal home p age: www.elsev ier .com/ locate / jag
n  empirical  standardized  soil  moisture  index  for  agricultural
rought  assessment  from  remotely  sensed  data
ugo  Carrãoa,  Simone  Russoa, Guadalupe  Sepulcre-Cantoa,b,  Paulo  Barbosaa,∗
European Commission (EC), Joint Research Centre (JRC), Via Enrico Fermi 2749, 21027 Ispra, VA, Italy
Earth and Life Institute (ELI), Université Catholique de Louvain, Louvain-la-Neuve, Belgium
 r  t  i  c  l e  i  n  f  o
rticle history:
eceived 18 December 2014
eceived in revised form 15 June 2015
ccepted 23 June 2015
vailable online 29 July 2015
eywords:
emote sensing-based index
oil moisture
gricultural drought
rop yield
outh–Central America
a  b  s  t  r  a  c  t
We  propose  a simple,  spatially  invariant  and  probabilistic  year-round  Empirical  Standardized  Soil Mois-
ture Index  (ESSMI)  that  is  designed  to classify  soil moisture  anomalies  from  harmonized  multi-satellite
surface  data  into  categories  of agricultural  drought  intensity.  The  ESSMI  is computed  by ﬁtting  a  nonpara-
metric  empirical  probability  density  function  (ePDF)  to historical  time-series  of  soil  moisture  observations
and  then  transforming  it into  a normal  distribution  with a  mean  of zero  and  standard  deviation  of  one.
Negative  standard  normal  values  indicate  dry soil  conditions,  whereas  positive  values  indicate  wet  soil
conditions.  Drought  intensity  is deﬁned  as  the  number  of  negative  standard  deviations  between  the
observed  soil  moisture  value  and the  respective  normal  climatological  conditions.  To evaluate  the per-
formance  of  the  ESSMI,  we ﬁtted  the  ePDF  to the  Essential  Climate  Variable  Soil  Moisture  (ECV  SM)  v02.0
data  values  collected  in the  period  between  January  1981  and December  2010  at South–Central  America,
and  compared  the  root-mean-square-errors  (RMSE)  of residuals  with  those  of beta and  normal  proba-
bility  density  functions  (bPDF  and  nPDF,  respectively).  Goodness-of-ﬁt  results  attained  with  time-series
of  ECV  SM  values  averaged  at monthly,  seasonal,  half-yearly  and yearly  timescales  suggest  that  the  ePDF
provides  triggers  of  agricultural  drought  onset  and  intensity  that  are  more  accurate  and  precise  than  the
bPDF  and  nPDF.  Furthermore,  by  accurately  mapping  the  occurrence  of  major  drought  events  over the
last  three  decades,  the  ESSMI  proved  to be  spatio-temporal  consistent  and  the  ECV  SM data  to  provide
a  well  calibrated  and  homogenized  soil  moisture  climatology  for the  region.  Maize,  soybean  and  wheat
crop  yields  in the  region  are  highly  correlated  (r >  0.82)  with  cumulative  ESSMI  values  computed  during
the  months  of  critical  crop  growing,  indicating  that the nonparametric  index  of  soil  moisture  anomalies
can  be  used  for  agricultural  drought  assessment.
ublis©  2015  The  Authors.  P
. Introduction
Drought is a damaging environmental disaster and affects more
eople than any other natural hazard (Wilhite and Glantz, 1985).
here are numerous conceptual and operational drought deﬁni-
ions proposed according to different disciplinary perspectives
Heim, 2002). Fundamentally, drought is a temporary water sup-
ly deﬁcit relative to some long-term average condition. Dracup
nd Lee (1980) and Wilhite and Glantz (1985) proposed a drought
 This research received support from the EUROCLIMA regional cooperation pro-
ram between the European Union (European Commission; DG DEVCO) and Latin
merica. The authors thank the three anonymous reviewers for their comments
nd  suggestions that served to clarify a number of points and to greatly improve the
riginal version of the manuscript.
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/).hed  by  Elsevier  B.V. This  is  an  open  access  article  under  the  CC  BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
typology based on four distinct types, namely meteorological, agri-
cultural, hydrological and socio-economic. The various drought
types represent different stages of a continuous meteorological
process and reﬂect the perspectives of different sectors on water
supply deﬁcits (Smakhtin and Schipper, 2008). Although drought
types occur at different timescales, they are intimately interrelated
with each other: the longer the meteorological drought (lack of pre-
cipitation) is, the more likely other types of droughts (commonly
agricultural and hydrological) will occur as a result (Carrão et al.,
2014). Agricultural drought occurs when there is not enough soil
moisture to support average crop production on farms or aver-
age grass production on range lands (Wilhite and Glantz, 1985).
Since most crops are planted, agricultural drought is speciﬁcally
concerned with cultivated plants, as opposed to natural vegetation
(Keyantash and Dracup, 2002). Agricultural drought can occur at
the early, middle and latter parts of crop growing season and mani-
fests itself through reduction in average crop yield (Narasimhan and
Srinivasan, 2005; Penalba et al., 2007; Nagarajan, 2003; Rhee et al.,
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.
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010; Llano et al., 2012; Martnez-Fernndez et al., 2015; Vyas et al.,
015). Additionally, it diminishes forest productivity and increases
re hazard (Caccamo et al., 2011; Hofer et al., 2012).
Several drought indices, typically based on a combination of
recipitation, temperature and soil moisture, have been derived
n recent decades to assess the effects of agricultural droughts and
eﬁne different drought parameters, which include intensity, dura-
ion, severity and spatial extent. The deﬁcit of soil moisture volume
uring crop growing season is a good index of agricultural drought
ntensity, reﬂecting recent precipitation shortages and indicating
imited conditions for crop production (Keyantash and Dracup,
002; Shefﬁeld et al., 2004; Carrão et al., 2013; Vyas et al., 2015).
sing precipitation and temperature for estimating soil moisture
upply and demand within a two-layer soil model, Palmer (1965)
ormulated what is now referred to as the Palmer drought index
PDI). This was the ﬁrst comprehensive effort to assess total soil
oisture status of a region (Mishra and Singh, 2010). Based on a
ubset of weekly parameters from the computation of PDI moisture
udget, Palmer (1968) developed the Crop Moisture Index (CMI) to
stimate short-term changes in soil moisture conditions affecting
rops. PDI and CMI  have similar limitations in that both assume that
arameters like land use/land cover and soil properties are uniform
or all climatic regions (Narasimhan and Srinivasan, 2005).
More recently, Narasimhan and Srinivasan (2005) developed
he soil moisture deﬁcit index (SMDI) and the evapotranspira-
ion deﬁcit index (ETDI) for agricultural drought monitoring from
eekly soil moisture and evapotranspiration values simulated by
he Soil and Water Assessment Tool (SWAT) hydrologic model.
hese drought indices are based on modeled soil moisture and
vapotranspiration deﬁcits alone, irrespective of soil properties
cross different climatic conditions, and are scaled for spatial com-
arison. Previously, Shefﬁeld et al. (2004) have used retrospective
and surface hydrology simulations from the Variable Inﬁltration
apacity (VIC) model to derive a soil moisture based drought index.
onthly statistical distributions for soil moisture are developed
or each model grid cell, and drought intensity is represented as
ercentiles of a beta probability distribution function ﬁtted to the
imulated soil moisture values. Following a similar approach, Dutra
t al. (2008) introduced the Normalized Soil Moisture (NSM) index,
hich is based on percentiles of a normal probability distribution
unction ﬁtted to simulated soil moisture values calculated by the
ESSEL land surface model.
All of these indices can be useful and all indices have inherent
trengths and weaknesses. However, none of the aforementioned
ndices directly uses measured soil moisture observations, but
nstead are based on estimated values from climatic variables or
ydrological modeling (Hunt et al., 2009). Hydrological models
erform a water balance assessment of the soil column, using
ariables such as precipitation, air temperature, soil temperature,
oil porosity, and inﬁltration Keyantash and Dracup (2002). Since
and-atmosphere feedback mechanisms are not well understood
or many regions of the world, soil moisture estimates there may
e prone to large uncertainties (Shefﬁeld et al., 2004; Dorigo et al.,
010, 2015). Therefore, more recently, the soil moisture index (SMI)
Sridhar et al., 2008; Hunt et al., 2009) and the soil water deﬁcit
ndex (SWDI) (Martnez-Fernndez et al., 2015) were proposed as
lternative agricultural drought indices and are based on the actual
oil moisture content and known ﬁeld capacity and wilting point
t each location.
Although ground-based soil moisture measurements are
xtremely accurate, they are also extremely hard to compare to
arge scale data sets because of their point-based nature, their
imited coverage, and the well known high variability of soils
Shefﬁeld et al., 2004; Peled et al., 2010). Since the 1980s, many
tudies have promoted the use of synoptic, timely and spatially
ontinuous remote sensing soil moisture data from active andbservation and Geoinformation 48 (2016) 74–84 75
passive microwave sensors to assess agricultural drought condi-
tions over large areas where ground monitoring instruments are
sparse or non-existent (Brown et al., 2008). However, the lack of
global consistent and long-term time-series of soil moisture obser-
vations from remote sensing data, which are required to derive
complete historical data sets to form a basis for the calculation of
drought indices, has prevented their operational use in the past
(Shefﬁeld et al., 2004).
Recently, the Essential Climate Variable Soil Moisture (ECV SM)
product, derived from merged daily soil moisture observations
collected by different satellite sensors into a single homogenized
global data set covering the period 1978–2013, was  presented by
Liu et al. (2011, 2012) and Wagner et al. (2012). In this paper, we
explore the potential use of the ECV SM data set for assessing the
impacts of agricultural drought. To follow our objective, we pro-
posed, formulate and validate a new index of standardized soil
moisture and relate its values to agricultural drought intensity. The
Empirical Standardized Soil Moisture Index (ESSMI) is based on the
works developed previously by Shefﬁeld et al. (2004) and Dutra
et al. (2008), but instead of ﬁtting a beta (Shefﬁeld et al., 2004) or
a normal (Dutra et al., 2008) (or any other parametric) probability
density function (PDF) to soil moisture amounts from ECV SM, we
propose to ﬁt an empirical PDF (ePDF) to soil moisture with a non-
parametric Kernel Density Estimator (KDE) (Silverman, 1986), as
similar as for the Empirical Standardized Precipitation Index (ESPI)
(Russo et al., 2013). We  choose a nonparametric estimator because:
(1) it avoids having to assume the existence of representative para-
metric distributions (Farahmand and AghaKouchak, 2015); (2) it
avoids the bias problems associated with relatively small sample
data sets (Sienz et al., 2012); (3) it allows for boundary bias correc-
tion of statistical data distributions supported on a ﬁnite interval
(Bouezmarni et al., 2011). The ESSMI standardizes the observed
soil moisture at a particular location during a period of time (e.g.
month, season, year) with respect to the soil moisture climatology
for the same period of time at that location. ESSMI results corre-
spond to percentiles p(x) of the ﬁtted probability distribution and
are given in units of standard deviation: negative values corre-
spond to drier periods than normal and positive values correspond
to wetter period than normal.
As a benchmark, we  compare the proposed approach with
the aforementioned drought indices proposed by Shefﬁeld et al.
(2004) and Dutra et al. (2008), and evaluate its ability for monthly,
seasonal, half-yearly and yearly soil moisture frequency estima-
tion. To evaluate the spatio-temporal consistency of the ESSMI and
ECV SM data set, we  analyze a time-series of index values for a
region in Bahia (northeast Brazil), as similar as Lloyd-Hughes and
Saunders (2002) and Lloyd-Hughes (2012). Finally, to evaluate the
suitability and potential of the ESSMI for assessing agricultural
drought impacts, we  tested it against agricultural productivity, as
similar as Narasimhan and Srinivasan (2005), Penalba et al. (2007),
Kumar et al. (2009), Nagarajan (2003), Rhee et al. (2010), Llano
et al. (2012), Martnez-Fernndez et al. (2015) and Vyas et al. (2015),
to cite but a few.
2. Data and methods
In this section, we present the ECV SM data set, the study
area, the computation process of the ESSMI, as well as the metrics
used for accuracy assessment and statistical comparison with other
drought indices.
2.1. The Essential Climate Variable Soil Moisture data setThe ESSMI is calculated by using the ECV SM v02.0 data set
(Liu et al., 2011, 2012). The theoretical and algorithmic base of the
product is completely described in Chung et al. (2012). The ECV
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1994). The idea is to estimate the PDF of a transformed random
variable Y = t(X) which has unbounded support. Suppose that the6 H. Carrão et al. / International Journal of Applied E
M is a global gridded data set with a spatial resolution of 0.25◦
nd has been generated by blending data from active and passive
icrowave spaceborne instruments through the method described
n Liu et al. (2011, 2012) and Wagner et al. (2012). The active data
et was generated based on observations from the C-band scat-
erometers on board of ERS-1, ERS-2 and MetOp-A. The passive data
et was generated based on passive microwave observations from
imbus 7 SMMR,  DMSP SSM/I, TRMM TMI  and Aqua AMSR-E. The
omogenized and merged product covers a 35-year period between
ovember 1978 and December 2013, with a daily temporal reso-
ution. The soil moisture data are provided in volume metric units
m3m−3). Albergel et al. (2013) considered in situ measurements
rom 2007 to 2010 from 196 stations of ﬁve networks in different
ountries (USA, Spain, France, China and Australia) to evaluate the
CV SM product. Results indicate that in general the product cap-
ure well the temporal dynamics of observed surface soil moisture
ith correlations of 0.6(± 0.06) at the 5% signiﬁcance level.
.2. Study area
The ECV SM data used cover the whole South–Central Amer-
ca region (the domain of analysis is limited to land surface grid
oints between 56◦ S–35◦ N, 33◦–120◦ W).  South–Central America
pans a vast range of latitudes and has a wide variety of climates.
t is characterized largely by humid and tropical conditions, but
mportant areas have been extremely affected by meteorological
roughts in the past (e.g. Phillips et al., 2009; Shefﬁeld et al., 2009;
hao and Running, 2010; Vargas et al., 2011) and the climate change
cenarios foresee an increased frequency of these events for the
egion (e.g. Magrin et al., 2007; IPCC, 2012). Given the signiﬁcant
eliance of South–Central American economies on rainfed agricul-
ural yields (rainfed crops contribute more than 80% of the total
rop production in South (FAO, cited 18/11/2014)), and the expo-
ure of agriculture to a variable climate, there is a large concern
n the region about present and future climate and climate-related
mpacts Trenberth and Stepaniak (2011). South–Central American
ountries have an important percentage of their GDP in agricul-
ure (10% average (FAO, cited 18/11/2014)), and the region is a net
xporter of food globally, accounting for 11% of the global value
Yadav et al., 2011). According to the agricultural statistics supplied
y the United Nations Food and Agriculture Organization (FAO,
014), 65% of the world production of corn and more than 90% of the
orld production of soybeans are grown in Argentina, Brazil, the
nited States and China. The productivity of these crops is expected
o decrease in the extensive plains located in middle and subtrop-
cal latitudes of South-America (e.g. Brazil and Argentina), leading
o a reduction in the worldwide productivity of cattle farming and
aving adverse consequences to global food security (Magrin et al.,
007; Llano et al., 2012).
.3. The Empirical Standardized Soil Moisture Index
The computation of the ESSMI follows a three-stage process
Fig. 1):
 an ePDF is ﬁtted to the long-term record of ECV SM observations
xt1, xt2, . . .,  xtn; this is performed for an averaging timescale of t
months (where t is typically 1-, 3-, 6-, or 12-months) collected
over n years; ECV SM observations can be computed for different
timescales by averaging daily values over the corresponding t
months; the non-exceedance probability of an averaged ECV SM observa-
tion xt is computed related to the respective ePDF: this is simply
done by estimating the cumulative probability Fˆ(xt) of the aver-
aged ECV SM observation xt;bservation and Geoinformation 48 (2016) 74–84
3 the non-exceedance probability is transformed to the standard
normal variable Z (mean = 0 and variance = 1) and the ESSMI value
is found.
Each ePDF (for grid point and timescale) is estimated by using a
KDE (Silverman, 1986). The KDE, also known as Parzen Windows,
is a nonparametric alternative to the ﬁtting of a parametric PDF to
the frequency distribution of a training data set of observations x1,
x2, . . .,  xn (Silverman, 1986; Wilks, 2005). Given independent and
identically distributed observations x1, x2, . . .,  xn, having a common
PDF f(x), the general KDE is deﬁned as:
fˆh(x) =
1
nh
n∑
i=1
K
(x − xi)
h
(1)
where K is some kernel (window) function and h is the bandwidth
(smoothing parameter). It is well known that the density estimator
fˆh(x) depends critically on the value of bandwidth h but only mildly
on the form of kernel K (Silverman, 1986; Wilks, 2005; Liao et al.,
2010). Typically, K is chosen to the Gaussian function (mean = 0 and
variance = 1) as (Silverman, 1986; Wilks, 2005):
K(x) = 1√
2
e−
x2
2 (2)
On the other hand, it is important to note that the bandwidth
h strongly depends on the sample size and training data range,
so that when the sample size grows and the range shrinks, the
bandwidth tends to shrink (Zambom and Dias, 2013). In many sit-
uations, it might be sufﬁcient to subjectively choose h by looking
at the density estimates produced by a range of bandwidths. How-
ever, choosing h requires a trade-off between bias and variance
(Silverman, 1986): small values of h detect ﬁne features of the true
density but permit a lot of random variation – the KDE  is under-
smoothed or overﬁt, has high variance and low bias; large values
of h smooth over random variation but obscure ﬁne details of the
distribution – the KDE is oversmoothed or underﬁt, has low vari-
ance and high bias. To yield the best compromise between bias
and variance, it is preferable to estimate h objectively using some
optimization method (Wilks, 2005; Zambom and Dias, 2013). The
problem of optimizing the selection of h for kernel estimation has
been explored by many authors, but “the Sheather and Jones (1991)
selector remains the best available data-driven bandwidth selec-
tor” (Liao et al., 2010). In this paper we, therefore, concentrate on
the Sheather and Jones (1991) selector for optimizing h at each ECV
SM grid point and averaging timescale.
As shown in many studies (Schuster, 1985; Marron and Ruppert,
1994; Chen, 2000; Bouezmarni et al., 2011), since the normal KDE
is symmetric, it could have a signiﬁcant boundary bias for bounded
data as, for example the ECV SM,  which can only take values on the
interval (0, 1), i.e. f(x) = 0 for x /∈ (0, 1). In such situations, it is clearly
desirable that the estimator fˆ (x) has the same support as f(x). Direct
application of kernel smoothing methods does not guarantee this
property, and so they need to be corrected when f(x) has bounded
support. To overcome this limitation, boundary bias correction
methods are used in kernel density estimation (Schuster, 1985;
Jones, 1993). In the case of a non-negative variable with a two-
sided bounded support, like the ECV SM,  the simplest method of
solving this problem is to transform the data (Marron and Ruppert,PDF of Y is given by g(y). Then the relationship between f and g is
given by
f (x) = g(t(x))t′(x). (3)
H. Carrão et al. / International Journal of Applied Earth Observation and Geoinformation 48 (2016) 74–84 77
Fig. 1. The three step computation process of the ESSMI. The example is for November ECV SM values at a grid point in Bahia, Brazil (38.875◦ W,  10.875◦ S). The orange curve
on  the left represents the Fˆ(xt ) related to the ePDF ﬁtted by means of a KDE to ECV SM observations collected in the period between 1981 and 2010 (gray ﬁlled circles). The
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Therefore, to estimate fˆ (x), one carries out the following steps:
 Transform the observations yi = t(xi); i = 1, 2, . . .,  n.
 Apply the kernel function to estimate the PDF of g(y).
 Estimate f(x) using fˆ (x) = gˆ(t(x))t′(x).
In the case of ECV SM,  the support of f(x) is (0, 1) and a simple
ransformation t : (0, 1) → (− ∞ , ∞)  is the log-transformation t(x) =
og
(
x
1−x
)
. Here t′(x) = 1x + 11−x and
 ˆ (x) = gˆ
(
log
(
x
1 − x
))  (
1
x
+ 1
1 − x
)
. (4)
.3.1. Drought intensity classiﬁcation system
The magnitude of negative ESSMI values correspond to per-
entiles p(x) related to the ePDF ﬁtted to ECV SM data and can be
sed as threshold levels to classify agricultural drought intensity.
ere, we use the classiﬁcation system suggested by McKee et al.
1993) to classify the onset, intensity and end of agricultural
rought based on the frequency distribution of ESSMI values (1).
n the classiﬁcation system proposed by McKee et al. (1993), a
moderate” drought event starts at ESSMI = −1.0 (units of standard
eviation), which correspond to a cumulative probability of 15.9%,
hat is, approximately the 16th percentile 1. According to McKee
t al. (1993), the intensity of a drought increases as the probability
f occurrence of an averaged ECV SM observation at a given
ocation and time lowers (ESSMI value decreases), and ends when
he ESSMI value becomes positive. McKee et al. (1993) determined
hat every region is in “moderate” drought 9.2% of the time, in
severe” drought 4.4% of the time, and in “extreme” drought 2.3%
f the time 1.
The threshold levels of drought intensity proposed by McKee
t al. (1993) have been recommended by the World Meteorological
rganization (WMO)  (Svoboda et al., 2012) and used worldwide in
umerous and different applications, such as: to monitor drought
n the United States (Hayes et al., 1999; Guttman, 1999; Wu
t al., 2005) and Europe (Sepulcre-Canto et al., 2012), to calculate (CDF). The non-exceedance probability is estimated in Step (a) for a soil moisture
 the ESSMI value (1.8) is found in Step (c). (For interpretation of the references to
a drought climatology for Europe (Lloyd-Hughes and Saunders,
2002), for detecting droughts in East-Africa (Ntale and Gan, 2003),
to monitor drought conditions and their uncertainty in Africa
using data from the Tropical Rainfall Measuring Mission (TRMM)
(Naumann et al., 2012), to evaluate the transition probabilities of
drought events in the Kangsabati River basin in India (Mishra et al.,
2007) and in the Alentejo region in Portugal (Paulo et al., 2005), for
improving the ﬁre danger forecast in the Iberian Peninsula (Hofer
et al., 2012) and to assess drought intensity in low and high rainfall
districts of Andhra Pradesh in India (Kumar et al., 2009), to cite but
a few.
2.4. Goodness-of-ﬁt and comparison with other drought indices
To evaluate the response of the ESSMI to ECV SM variabil-
ity in space and time, we apply our model-based approach to
a sample set of ECV SM observations averaged at monthly, sea-
sonal (December–February: DJF, March–May: MAM, June–August:
JJA, September–November: SON), half-yearly (December–May:
DM,  June–November: JN) and yearly timescales, and evaluate its
goodness-of-ﬁt in the study area. To statistically evaluate the per-
formance of the ESSMI, we  use the root-mean-square-error (RMSE).
This metric was  previously used by, for example Bacour et al.
(2006), Beck et al. (2006) and Carrão et al. (2010) in evaluating
the ﬁts of different models to time-series of satellite images, where
lower values indicate smaller residual variance and thus a better
ﬁt. The RMSEe (e stands for empirical) of an ePDF ﬁtted to a time-
series of ECV SM observations averaged at a certain timescale can
be computed as follows:
RMSEe =
(∑n
i=1
(
Fˆ(xi) − p(xi)
)2
n
)1/2
(5)where Fˆ(xi) is the estimated cumulative probability and p(xi) is the
observed sample percentile. To estimate Fˆ(xi), we start ﬁtting the
available time-series of ECV SM observations x = {xk : k /= i} with
78 H. Carrão et al. / International Journal of Applied Earth Observation and Geoinformation 48 (2016) 74–84
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big. 2. ECV SM sample set selection for the period between January 1981 and Decem
uperior to 30-days (i.e. at minimum 1 soil moisture observation per month); (b) g
opography, or permanent ice cover); (c) selected grid points for analysis.
 parameter model of expression (1). This standard leave-one-out
ross-validation process, usually used in longitudinal data analy-
es, yields an unbiased estimate of the expected ﬁtting error when
he respective time observation xi is discarded from the training
et Kuncheva, 2004; Carrão et al., 2008, 2010. The assumption is
hat the resultant RMSEe is computed from an independently drawn
alidation sample set of n observations (Kuncheva, 2004).
In order to statistically compare the RMSEs of the ePDFs ﬁt-
ed to the ECV SM data averaged at monthly, seasonal, half-yearly
nd yearly timescales, it is necessary the historical sample of n
ime observations per grid point to be consistent and belong to
he same set of years at all timescales. Following the recommen-
ations of the WMO,  regarding the length and completeness of the
eference period used to compute climate normals that serve as
enchmark against which climatic anomalies are estimated (WMO,
011), we ﬁtted our nonparametric model to 30 years of observa-
ions and focus on the calculation period between January 1981 and
ecember 2010, as similar as in Sepulcre-Canto et al. (2012).
Since the temporal resolution of the ECV SM product is not abso-
ute and the total number of soil moisture observations collected at
ach grid point may  vary, we target our analysis only to grid points
ith a sampling rate of at least one observation per month, i.e. every
0-days within the reference period (Fig. 2a). Since the number of
rid points with complete monthly ECV SM time-series is small in
he study area, we decided to extend the analysis to grid points with
t least 80 per cent of the years of record and no more than three
onsecutive missing years, in accordance with the WMO  (2011) rec-
mmendations. Moreover, and as suggested by Chung et al. (2012),
e decided also to remove grid points without meaningful ECV SM
etrievals, such as those corresponding to areas of dense vegetation,
trong topography, or permanent ice cover (Fig. 2b). Therefore, the
election process allowed us to gather a ﬁnal sample set of 30% ECV
M grid points from the study area with annual time-series that
re based on the same set of years for all months and subsequent
veraging timescales (Fig. 2c).
Finally, to position our method with respect to the current state-
f-the-art alternatives for ﬁtting soil moisture observations alone,
e also compare the ESSMI performance to those drought indices
roposed by Shefﬁeld et al. (2004) and Dutra et al. (2008), which
ere already presented in Section 1. Following the methodologies
resented by Shefﬁeld et al. (2004) and Dutra et al. (2008), we  ﬁt
eta (bPDF) and normal (nPDF) parametric PDFs, respectively, to010: (a) number of years per grid point in the study area with a temporal resolution
ints without meaningful ECV SM retrievals (e.g. areas of dense vegetation, strong
the sample sets of ECV SM observations averaged at all timescales
for the selected grid points in the study area (Fig. 2c). As similar
as for RMSEe, we compute RMSEb (b stands for beta) and RMSEn
(n stands for normal) with the leave-one-out cross-validation pro-
cess. The parameters of bPDF are estimated by L-moments, while
the parameters of nPDF are estimated by conventional moments, as
described in Shefﬁeld et al. (2004) and Dutra et al. (2008), respec-
tively.
3. Results and discussion
In this section, we  present an accuracy assessment of the ESSMI,
which includes a comparison between its performance and those of
other model-based approaches for ﬁtting soil moisture data alone,
a spatio-temporal characterization of soil moisture anomalies with
the ESSMI, and the suitability of the ESSMI for agricultural drought
assessment.
3.1. ESSMI performance and comparison with other drought
indices
In Fig. 3, we present the statistical distribution of RMSEe, RMSEb
and RMSEn computed, respectively, with the residuals of ePDF, bPDF
and nPDF ﬁtted with the leave-one-out cross-validation process to
time-series of ECV SM values averaged at different timescales in the
selected grid points within the study area (Fig. 2c), as described in
Section 2.4. Overall, the results show that RMSEe are smaller than
RMSEb and RMSEn for at least 75% of grid points at all averaging
timescales. We  are of the opinion that these results underline that
the KDE is more ﬂexible and impose less restrictions than the para-
metric methods proposed by Shefﬁeld et al. (2004) and Dutra et al.
(2008) on ﬁtting the shapes f(x) of ECV SM observations. Therefore,
the eCDF is more suitable than those estimators for representing
the PDF of ECV SM values collected over time-series of 30 years at
different regions and averaging timescales, even those with skewed
or bimodal data densities.
The results compared in Fig. 3 also prove that the frequency
distribution of RMSEe, namely the respective upper and lower quar-
tiles, computed from the residuals of nonparametric ﬁts with the
KDE to ECV SM time-series from the selected grid points in the study
area is similar for all timescales of analysis. This suggests that the
KDE is not unduly affected by outliers in the time-series and has a
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Fig. 3. Frequency box-plot distributions of RMSEs computed with the leave-one-out cross-validation process for the ePDF (orange), nPDF (green) and bPDF (orchid) ﬁtted to
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ood performance for ﬁtting a wide range of density shapes. The
onparametric method is robust and precise in ﬁtting the time-
eries of ECV SM data values averaged at different timescales and
ollected at geographic locations with different climate variability.
On the other hand, it is noticeable that the upper and lower
uartiles of RMSEb and RMSEn frequency distributions computed
rom bCDF and nCDF residuals, respectively, start decaying as long
s the averaging timescale increases. These results suggest that the
DF of ECV SM time-series at each grid point approximates the
ormal probability distribution at larger averaging timescales, as
xpected by the central limit theorem, and therefore their statis-
ical characteristics can also be better described by the parametric
istributions. Similarly, the Interquartile Range (IQR), i.e. the differ-
nce between the upper and lower quartiles, of RMSEb and RMSEn
ecrease as long as the averaging timescale increases. This ﬁnd-
ng points towards the idea that soil moisture frequency shapes
ecome more alike at larger timescales for the grid points in the
tudy area.
Since the dispersion and magnitude of the ﬁtting error values are
uch smaller for the ePDF than for the bPDF and nPDF ﬁtted to his-
orical time-series of ECV SM values averaged at all timescales in the
tudy area, then it can be argued that computing the ESSMI with the
onparametric method provides more accurate and precise trigg-
rs of spatio-temporal agricultural drought occurrences and of its
ntensity. Indeed, from an operational viewpoint, this aspect has an
mportant impact as it implies that the onset percentile and prob-
bility of occurrence of agricultural drought events, as deﬁned by
he threshold levels of drought intensity categories (1) proposed
n Section 2.3.1, are likely to be under- or overestimated using the
arametric distributions proposed by Shefﬁeld et al. (2004) and
utra et al. (2008) for ﬁtting the ECV SM time-series.between January 1981 and December 2010. (For interpretation of the references to
The differences between the ﬂexibility of the nonparametric
ePDF and the parametric bPDF and nPDF for ﬁtting the time-series
of ECV SM values is shown in the graphical example of Fig. 4. It
is noticeable in this illustrative case that because the time-series
of ECV SM data values is positively skewed, the shapes of both
bPDF and nPDF are not able to accurately represent the sample
observations, and the respective cumulative distributions do not
approximate the non-exceedance probability of the observed data
values. On the other hand, the ePDF perfectly captures the regular-
ities underlying the density of ECV SM data values at this grid point
and sampling timescale. Moreover, since the empirical cumulative
distribution (orange curve in Fig. 4) related to the ﬁtted ePDF accu-
rately matches the non-exceedance probability of ECV SM data in
the lower tail of the distribution, it allows for improved estimation
of the intensity of soil dryness (or agricultural drought, as deﬁned
in 1) and its impacts on crop growing conditions and agricultural
productivity.
3.2. Spatio-temporal characterization of drought with the ESSMI
To evaluate the spatio-temporal consistency of the ESSMI for
drought characterization in the study area, we used the index to
classify yearly averaged ECV SM data values into dry and wet  years
in the period between 1981 and 2013 in the South–Central Amer-
ican region of Bahia, northeast Brazil. For each 0 . 25◦ grid point,
the ePDF was ﬁtted by means of a KDE to a consistent reference
time-series of ECV SM observations collected in a 30-year period
between 1980 and 2010, as recommended by WMO  (2011).
The geographic time-series of annual ESSMI values is presented
in Fig. 5. The results appear to indicate that the most harshest yearly
droughts for the region were that of 1993, 2012 and 2013. Indeed,
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Fig. 4. Empirical (ECDF), beta and normal probability distribution curves from the
PDFs ﬁtted to November ECV SM values collected between 1981 and 2010 (gray
ﬁlled circles) at a grid point in Bahia, Brazil (38.875◦ W,  10.875◦ S).
Table 1
Drought classiﬁcation by ESSMI value and corresponding event probabilities accord-
ing to McKee et al. (1993).
ESSMI values Drought class Probability of event (%)
ESSMI ≥ 2.0 Extreme wet 2.3
1.5  ≤ ESSMI < 2.0 Severe wet  4.4
1.0 ≤ ESSMI < 1.5 Moderate wet 9.2
−1.0< ESSMI < 1.0 Near normal 68.2
−1.5< ESSMI ≤ −1.0 Moderate dry 9.2
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ePDFs were ﬁtted to monthly time-series of ECV SM data for the−2.0 < ESSMI ≤ −1.5 Severe dry 4.4
ESSMI ≤ −2.00 Extreme dry 2.3
he whole region was under dry conditions and most of the area
xperienced severe and extreme drought intensities during those
ears, according to the classiﬁcation system presented in Table 1.
ur experiments are in line with previous results present by Rao
t al. (1995), Marengo et al. (2013), Gutirrez et al. (2014) and Pereira
t al. (2014), which extensively describe the occurrence of a severe
roughts in northeast Brazil in 1993 and 2012–2013. Rao et al.
1995) suggest that the drought of 1993 is connected, at least par-
ially, to unusual El Nin˜o-Southern Oscillation (ENSO) conditions
hat occurred during that year. It is well known that climate in
ortheast Brazil is strongly dependent on sea surface temperature
SST) in the Paciﬁc and Atlantic (Kayano and Capistrano, 2013), with
everal previous studies indicating that droughts in that region are
ffectively associated with El Nin˜o events and a warmer (cooler)
han normal North (South) tropical Atlantic Ocean SST (Chiang
t al., 2002; Magrin et al., 2007). Similarly, the 2012–2013 drought
ppears to have been caused by anomalous lower patterns of SST
oncentrated in the central Paciﬁc that may  have been sufﬁcient to
igniﬁcantly alter precipitation regimes in the region along 2012
nd 2013 (Marengo et al., 2013; Rodrigues and McPhaden, 2014;
ereira et al., 2014).
In Brazil, weather-related effects associated to El Nin˜o and La
in˜a vary considerably across regions. As was discussed above,bservation and Geoinformation 48 (2016) 74–84
during the El Nin˜o phase there is a reduction of the accumulated
precipitation at the north and northeast regions of the country,
while in La Nin˜a years those regions typically experience higher
than average precipitation amounts Chiang et al. (2002) and Magrin
et al. (2007). It is interesting to note that there is a link and tempo-
ral consistency between climatic regimes during El Nin˜o years and
negative yearly ESSMI values for the region. For example, accord-
ing to Centro de Previsão de Tempo e Estudos Climáticos, Instituto
Nacional de Pesquisas Espaciais (CPTEC-INPE) (cited 6 September
2013), the El Nin˜o events were also harsh for the years of 1983
and 1998 and the region experienced some below normal water
supply conditions. The negative ESSMI values for 1983 and 1998
(Fig. 5) support the idea that dry soil moisture conditions can be
reﬂected partially by the occurrence of those events. Similarly, the
wet years that are caused by La Nin˜a events, such as for 1985 (Centro
de Previsão de Tempo e Estudos Climáticos, 2013), show a good
agreement with the positive yearly ESSMI values for the region.
Let us ﬁnally look at the spatial agreement of ESSMI values
presented in Fig. 5 for the study area. The results show a spatial
consistency of ESSMI values along time for the analyzed region, i.e.
there are smooth transitions of ESSMI categories between neigh-
boring grid points. This physical consistency is well representative
of regional patterns of climate variability and spatial coherence of
droughts, which tend to evolve slowly and affect large areas simul-
taneously (Hannaford et al., 2011). The results appear to indicate
that the ECV SM product (Liu et al., 2011, 2012; Wagner et al., 2012),
which was  derived from resampled and harmonized soil moisture
data sets collected by several active and passive remote sensors, is
well calibrated and provide an homogenized soil moisture clima-
tology that matches the major spatio-temporal patterns of dry and
wet soil moisture events for the region.
3.3. Correlation with crop yield
A correlation analysis was  done with the ESSMI and crop yield
data to analyze if soil moisture deﬁcits during the critical period of
crop growth affect the crop production, as similar as Narasimhan
and Srinivasan (2005), Penalba et al. (2007), Kumar et al. (2009),
Nagarajan (2003), Rhee et al. (2010), Llano et al. (2012), Martnez-
Fernndez et al. (2015) and Vyas et al. (2015), to cite but a few.
Yield statistics from 7 harvest seasons (2005–2006 to
2011–2012) of maize, soybean and wheat crops for Argentina were
collected from the Global Yield Gap Atlas (GYGA) (van Ittersum
et al., 2013; van Wart et al., 2013a,b; van Bussel et al., 2015),
freely available at www.yieldgap.org. Only the crop yields obtained
under non-irrigated conditions were used for correlation analy-
sis. Despite the potential for irrigation expansion in the country,
current irrigated area is negligible (<3% of total area planted with
maize, soybean, and wheat) (Calvin˜o and Monzon, 2009). The GYGA
provides a limited number of location-speciﬁc data that can be used
for rainfed crop models simulation, namely (van Wart et al., 2013a):
weather data for reference weather stations operated by national
meteorological services, as well as soil data, harvested area and
actual yields for crop systems associated to homogeneous climatic
zones in the vicinity of weather stations. Based on crop harvested
area distribution and the agro-climatic zones deﬁned for Argentina
(van Wart et al., 2013a), a total of 15 (maize) and 16 (soybean and
wheat) reference weather stations are available in GYGA.
For the purpose of correlation analysis, we  selected crop yields
related to 3 distinct weather stations that are located inside ECV
SM grid points containing uninterrupted time-series of monthly
soil moisture data for the period between 1981 and 2012 (Fig. 6).baseline period 1981–2010, as recommend by WMO  (2011), and
monthly ESSMI values were computed for the 7 harvest seasons
of 2005–2006 to 2011–2012. The months analyzed were those
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onsidered within the mean growing cycle of the crops in the region
November–May of next year), including the pre-sowing month of
ctober, as indicated by Penalba et al. (2007), Sacks et al. (2010)
nd Llano et al. (2012). Finally, an yearly soil moisture balance
as computed for each of the crop growing periods by summing
he respective ESSMI values and used to evaluate the degree of
ssociation between the nonparametric index and yield anomalies.
The results presented in Fig. 6 show a good agreement between
umulative ESSMI values and agricultural yields, with correlation
oefﬁcients of 0.82, 0.85 and 0.94 for wheat, soybean and maize
rops, respectively, at the 5% signiﬁcance level. This is an extremely
ositive result, which is in line with the average correlation values
etween agricultural drought indices and crop yields published in
revious studies for different geographic locations. For example,
arasimhan and Srinivasan (2005) shown that wheat and sorghum
ields were highly correlated (r > 0.75) with ETDI and SMDI values
uring the critical crop growth stages in Texas; Vyas et al. (2015)
ound signiﬁcant correlations (0.70–0.85) between soil moisture
eﬁcits, as measured by the combined deﬁcit index (CDI) during the
eproductive phase of kharif crops in India and grain yield reduc-
ion; and Martnez-Fernndez et al. (2015) found a good correlation
oefﬁcient (r ≈ 0.80) between the number of weeks of agricultural
rought (SWDI <0) in a year and the total annual cereal production
n the province of Zamora, Spain. Although the attained agreements
ttained in these studies approximate our correlation coefﬁcients,
t is important to pinpoint two of the main advantages of the ESSMI
ver the agricultural drought indices presented by Narasimhan and
rinivasan (2005), Vyas et al. (2015) and Martnez-Fernndez et al.
2015): (1) the ESSMI is based on observed soil moisture data alone
 in opposition to estimated values from climatic and biophys-
cal variables or hydrological modeling results used as input by
yas et al. (2015) and Narasimhan and Srinivasan (2005), respec-
ively; (2) does not need to be calibrated to local uncommon soil
arameters, such as ﬁeld capacity and wilting point, as proposed
y Martnez-Fernndez et al. (2015).
. Conclusions
In this study, the new ESSMI has been formulated and validated.
he ESSMI is based on soil moisture content alone and is computed
y ﬁtting a nonparametric ePDF to historical time-series of ECV SM
bservations and then transforming it into a normal distribution
ith a mean of zero and standard deviation of one. Negative stan-
ard normal values indicate dry soil conditions, whereas positive
alues indicate wet soil conditions. Drought intensity is deﬁned as
he number of negative standard deviations between the observed
CV SM value and the respective normal climatological conditions.
As demonstrated in this study, the nonparametric ePDF is
ery ﬂexible: the ESSMI provides a link between the observed
CV SM data values and the respective probability of occurrence
hat is more accurate than with previously proposed parametric
istributions for modeling soil moisture data, such as normal and
eta. To evaluate the performance of the ESSMI, we ﬁtted the
PDF to the ECV SM data values collected in the period between
anuary 1981 and December 2010 at South–Central America, and
ompared the root-mean-square-errors (RMSE) of residuals with
hose of beta and normal probability density functions (bPDF and
PDF, respectively). The comparative analysis of the statistical
istribution of RMSEe (nonparametric), RMSEb (beta) and RMSEn
normal) has shown that the residuals of the ﬁtting performed
ith the nonparametric KDE are always smaller than the residuals
f the ﬁtting performed with the parametric models for monthly,
easonal, half-yearly and yearly ECV SM averaging timescales.
he main reasons are that the KDE is optimized at each location
nd timescale, thus avoiding have to assume the existence of a
xed parametric distribution in the data, and allows for boundarybservation and Geoinformation 48 (2016) 74–84
bias correction of statistical data distributions supported on a
ﬁnite interval, like for the ECV SM data values that are bounded
at (0,1). Moreover, since time-series of ECV SM data values are
frequently positively skewed, the shapes of both bPDF and nPDF
are not able to accurately represent the ECV SM observations, and
the respective cumulative distributions do not approximate the
non-exceedance probability of the observed sample values.
To evaluate the spatio-temporal consistency of the ESSMI and
ECV SM data values for drought characterization, the nonpara-
metric index has been used to map  the driest and wettest years
that have occurred between 1981 and 2013 in the region of Bahia,
northeast Brazil. Few severe and large events of yearly soil mois-
ture deﬁcits were shown for the region. The ESSMI indicates 1993
and 2012–2013 as the driest years in the whole time-series of
agricultural drought maps. As shown by previous studies, these
yearly droughts correspond to severe climate events that took place
those years and that are linked to unusual El Nin˜o-Southern Oscil-
lation (ENSO) conditions. Similarly, there is also a good agreement
between positive ESSMI values and excessively wet years that were
affecting the region in the considered period. These results also con-
ﬁrm that the new blended ECV SM product is spatially coherent and
was accurate at evolving between the geographic patterns of dry
and wet  soil conditions veriﬁed for the region.
Finally, the ESSMI was  tested against agricultural productiv-
ity. The relationship between index values and crop yields of
maize, soybean and wheat was analyzed for 7 harvest seasons of
2005–2006 to 2011–2012 at a region in the study area. The results
have shown that yields for all crops are highly correlated (r > 0.82)
with the nonparametric index values accumulated during the crit-
ical crop growth stages.
The outcomes of this study suggest that new ESSMI, tested
here for particular regions in South–Central America, promises
very good ability in monitoring dryness and wetness soil mois-
ture conditions over other regions in the world. In particular, it
might be of extremely relevance for providing an objective and
independent quantitative assessment of crop yields in the opera-
tional setting, such as for the Global Information and Early Warning
System (GIEWS) of FAO and the Monitoring Agricultural Resources
(MARS) Crop Yield Forecasting System (MCYFS) of the European
Commission (EC). These forecast systems focus on continental and
regional levels, respectively, and require reliable and near real time
indicators for agricultural productivity assessment covering exten-
sive areas with high temporal frequency. Nevertheless, although
the ECV SM product provides with a global coverage of observed
soil moisture on a daily basis, it will not be available in the near
real time. A neat solution might be to compute the ESSMI with
the Soil Water Index (SWI), derived from the ASCAT/Metop sen-
sor data and provided at near real time by the Copernicus Global
Land service of EC (http://land.copernicus.eu/global/products/swi).
The SWI  is accessible through, amongst others, the EUMETSAT’s
Earth Observation (EO) Portal (https://eoportal.eumetsat.int), and
provides global daily information about moisture conditions in
different soil depths. A limitation of the SWI  for computing soil
moisture anomalies is the short length of the historical time-series
(≈8 years since 2007), which do not respect the requirements of
the WMO,  as described in Section 2.4.
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